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Featured Application: The study contributes toward highlighting the practical use of a lab-made
electronic tongue with lipid polymeric sensor membranes to discriminate sweet cherry cultivars
based on potentiometric profiles and a linear discriminant analysis-meta-heuristic simulated
annealing variable selection algorithm. The successful classification performance achieved with
the taste potentiometric sensor device may foresee its possible application as a cherry cultivar
identification tool, which may be of major interest for producers.
Abstract: Sweet cherry is highly appreciated by its characteristic flavor, which conditions the
consumer’s preference. In this study, four sweet cherry cultivars (Durona, Lapins, Summit,
and Van cultivars) were characterized according to biometric (fruit and stone weights, length,
maximum and minimum diameters, pulp/stone mass ratio), physicochemical (CIELAB color,
penetration force, titratable acidity, and total soluble solids), and potentiometric profiles (recorded
by a lab-made electronic tongue with lipid polymeric membranes). Biometric and physicochemical
data were significantly cultivar-dependent (p-value < 0.0001, one-way ANOVA). Summit cherries
had higher masses and dimensions. Lapins cherries had the highest penetration force values
having, together with Summit cherries, the highest CIELAB values. Van cherries showed the
highest total soluble solids contents. No significant differences were found for fruits’ acidity (similar
titratable acidities). The possibility of discriminating cherry cultivars was also evaluated using a linear
discriminant analysis/simulated-annealing algorithm. A discriminant model was established based on
nine non-redundant biometric-physicochemical parameters (using a low-level data fusion), with low
sensitivity (75 ± 15% for the repeated K-fold cross-validation). On the contrary, a discriminant model,
based on the potentiometric fingerprints of 11 selected sensors, allowed a better discrimination,
with sensitivities of 88 ± 7% for the repeated K-fold cross-validation procedure. Thus, the electronic
tongue could be used as a practical tool to discriminate cherry cultivars and, if applied by fruit
traders, may reduce the risk of mislabeling, increasing the consumers’ confidence when purchasing
this high-value product.
Keywords: sweet cherry; biometric data; CIELAB color scale; chemical data; potentiometric
taste sensor; analysis of variance; linear discriminant analysis; simulated annealing algorithm;
cultivar discrimination
Appl. Sci. 2020, 10, 7053; doi:10.3390/app10207053 www.mdpi.com/journal/applsci
Appl. Sci. 2020, 10, 7053 2 of 11
1. Introduction
Sweet cherry (Prunus avium L.) is a fruit that is appreciated worldwide and is economically
attractive, providing a high income for producers. Indeed, the consumer demand has greatly increased
in recent years, leading to a current increase of cherry agricultural production [1,2]. Both sour and sweet
cherries possess distinct flavors, depending on the cultivar, geographical origin, and fruit maturity,
among other factors [3]. Cherries are mainly consumed fresh [3]. Besides their recognized good taste
and appealing color, sweet cherries have nutritional and health-promoting characteristics due to their
richness in organic acids, sugars, vitamins, minerals, volatile compounds, and antioxidants compounds
(e.g., melatonin and dietary phenolic compounds), as well as their fiber content [2,4–8]. The cherry
fruit chemical composition has been extensively studied using both destructive and non-destructive
conventional analytical techniques (physicochemical, spectroscopic, and chromatographic analyses).
The generated data were treated using different chemometric tools, such as principal component
analysis (PCA), linear discriminant analysis (LDA), and least square-support vector machines (LS-SVM).
The results allowed, for example, assessing of the cultivar or botanical origin [5–9], the geographical
origin [6,10,11], the maturity stage [3,12], or the fruits’ bruises degree [13].
The capability to discriminate the cherry cultivar based on the fruit evaluation, although usually
requiring a destructive analytical procedure, is of utmost importance. The chemical and nutritional
composition greatly depends on the cultivar, a characterization needed due to legal requirements
related to the use of protected designation of origin (PDO) and protected geographical indication
(PGI) designations [6,9,11]. It has been reported that conventional fruit quality parameters,
bioactive compound compositions (e.g., phenolics and anthocyanins), volatile compounds,
and antioxidant activity data [5,8,14,15] would allow a fair unsupervised differentiation, using PCA,
of different sweet cherry cultivars. Additionally, it was shown that physicochemical, spectroscopic,
and chromatographic data (mineral composition, total soluble solids, titratable acidity, total polyphenols,
color data, and volatile compounds), individually or after data fusion, would allow to satisfactorily
discriminate sweet cherries according to the cultivar. The correct classification rates greatly
depend on the type of data and the number of cultivars considered [6,9–11]. On the other hand,
DNA-based techniques have also been successfully applied in the identification and discrimination of
cherry cultivars [1,16–18]. However, these techniques are not green or user-friendly, require skilled
technicians, are time-consuming, and are usually beyond the economic and technical possibilities
of most sweet cherry producers, which are mainly micro and small familiar producers. On the
other hand, electronic tongues (E-tongues) have been recognized as portable and cost-effective
analytical tools for monitoring and quality control of several food matrices [19–21]. Several advantages
are well-documented, which led to the development of commercial devices for routine analysis
(e.g., Taste Sensing System model SA 402B and model TS-5000Z, from Intelligent Sensor Technology,
Inc., Kanagawa, Japan; α-Astree II device from AlphaMOS, Toulouse, France; and, Multiarray Chemical
Sensor from McScience Inc., Suwon, Korea) [22].
In this context, the possible use of a sensor-based E-tongue to discriminate sweet cherries according
to the cultivar was evaluated for the first time. In fact, the chemical and sensory characteristics of
fruits can be reflected in the potentiometric profiles collected by lipid sensor membranes, as recently
reported by the research team for table olives [23–25] and sweet peppers [26]. In fact, potentiometric
and voltammetric E-tongues have been used to evaluate basic taste attributes (e.g., acid, pungent, salty,
sweet, and umami), positive gustatory attributes (e.g., bitter, fruity, and green sensations), and negative
attributes (e.g., butyric, fusty, musty, putrid, rancid, wine-vinegary, and zapateria sensations) of
different foods [23,24,26–35]. Thus, in this study, it was envisioned to characterize four common sweet
cherry cultivars (Durona, Lapins, Summit, and Van) produced in the northeast region of Portugal,
based on typical biometric and physicochemical data, and further evaluate the cultivar discrimination
capability of those data. As an alternative approach, it was also intended to study the feasibility of
applying a potentiometric E-tongue with lipid-polymeric sensor membranes to correctly discriminate
the cherry cultivars. Although the use of sensor-based devices in this research field is not common,
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recently, Zhang et al. [36] successfully applied a multi-sensor device to monitor and assess the quality
of sweet cherry.
2. Materials and Methods
2.1. Sweet Cherry Samples
Cherries from different cultivars were collected in orchards located in the region of Resende/Lamego
(northern region of Portugal). This region is a traditional Portuguese cherry-producing region, in which
the growing area has increased in the recent years with the plantation of new orchards. The climatic
conditions, soil characteristics, and the form of growing give particular quality and flavor, with a
high national and international demand. Four major cultivars were selected, namely Durona,
Lapins, Summit, and Van (Figure 1), taking into account the expression in the region, being the
most representative cultivars with the most commercial impact in the region. Cultivars outside the
geographical region under evaluation were not included to minimize possible agro-climacteric effects.
A total of 27 independent samples (~1 kg of fruits each) were collected from different producers
and for the different cultivars: Van (9 samples), Durona (7 samples), Lapin (7 samples), and Summit
(4 samples). The fruits were grown using a similar mode of production, in integrated production,
with similar fertilization practices to minimize possible agronomic effects. The fruits were collected at
the same degree of ripeness, at the commercial maturity for each cultivar. The cherries were stored at
refrigerated temperature (4 ◦C) and analyzed within two days after harvest.
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Figure 1. Sweet cherries: (a) Durona, (b) Lapins, (c) Summit, and (d) Van cultivars. 
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morphological level, using biometric parameters for fruits and respective endocarps (stones). The 
following parameters were evaluated: fruit mass (g), length (mm), maximum diameter (mm), 
minimum diameter (mm), stone mass (g), and pulp/stone mass ratio. 
Texture, CIELAB color scale, titratable acidity (TA), and total soluble solids (TSSs) were 
determined, using conventional analytical techniques. A HD plus texture analyzer (Stable 
Microsystems, Godalming, UK) was used to determine the maximum penetration force (N). A 2 mm 
cylinder probe, with a 5.0 kg (50 N) charge cell, a test speed of 1.0 mm/s, and 10 mm length, was used 
in the assays. A colorimeter Minolta CR-200b (Osaka, Japan) was used to assess color parameters, 
according to the CIELAB scale (L*, a* and b* coordinates). L* varies between 0 (black) and 100 (white), 
the chromatic a* varies from green (−a*) to red (+a*), and the chromatic b* axis ranges from blue (−b*) 
to yellow (+b*). Three fruits per sample were used and, for each fruit, four points of the epidermis 
Figure 1. Sweet cherries: (a) Durona, (b) Lapins, (c) Summit, and (d) Van cultivars.
2.2. Sweet Cherry Biometric and Chemical and Color Characterization
The sweet cherries collected were characterized, taking into account biometric and conventional
physicochemical quality parameters.
For biometric ch racteriz tion, from each cherry sample, a subsample of 20 fruits were randomly
picked f m rphological cha acterization, whereas the re aining fruits wer used or physicochemica
quality parameters and electroni tongu an lyses. All samples were valuated at a morphological level,
using bi m tric parameters for fruit respective e docarps (stones). The following p ram ters
were evaluated: fruit mass (g), length (mm), maximum d ameter (mm), minimum diameter (mm),
stone mass (g), nd pulp/stone m ss ratio.
Texture, CIELAB color scale, titratable acidity (TA), nd total soluble solids (TSSs) were
determined, using conventi nal an ytical techniques. A HD plus texture nalyzer (Stab e Microsystems,
Godal ing, UK) was used to determine the maximum penetration force (N). A 2 mm cylinder probe,
with a 5.0 kg (50 N) charge cell, a test sp ed f 1.0 m/s, and 10 mm length, was used in the assays.
A colorimeter Minolta CR-200b (Osaka, Japan) w s used to assess color p rameters, according to th
CIELAB scale (L*, a* and b* coordi ates). L* varies between 0 (black) and 100 (white), the chromatic a*
v ries from green (−a*) to red (+a*) nd the chr matic b* axis r nges from blue (−b*) to yellow (+b*).
Thr e fruits per sample were us d and, for each fruit, four points of the epidermis we e eva ated,
using an 8 mm reading aperture, diffuse lighting, and an observation angle f 0◦ under artificial
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daylight (CIE D65 standard illuminant). Titrimetric analysis (with a NaOH solution, 0.10 mol/L) was
applied to assess the titratable acidity (TA). Around 10 g of each grounded sample was mixed with
50 mL of water and heated under reflux for 30 min. The solution was then transferred to a glass balloon
of 100 mL, which was exactly 20 mL, then filtrated and transferred to a beaker with a stirrer. The pH
of the solution was then monitored to establish the titration curve. The pH at the equivalence point
was established as 8.1, following the Portuguese regulation (NP-1421, 1977) [37]. The values were
expressed on grams of gallic acid per 100 g of fresh weight (fw). The solution obtained for the acidity
determination (after filtration) was also used to measure total soluble solids (TSSs) contents (in ◦Brix)
at 20 ◦C, in an ATAGO refractometer (Saitama, Japan).
2.3. E-Tongue Equipment and Analysis
2.3.1. Apparatus
A lab-made potentiometric E-tongue multi-sensor device, comprising two cylindrical (6 cm height
and 1.5 cm diameter) acrylic arrays was used (Figure 2a). Each array contained 20 sensors (circular
shape with 5 mm of diameter and 2 mmm of thickness, Figure 2a). In total, 40 E-tongue non-specific
sensors were used due to their cross-sensitivity and reduced selectivity [38]. The sensor compositions
(lipid additive, 3%; plasticizer, 32%; and polyvinyl chloride, 65%) were the same as previously
reported [26]. The sensors comprised lipid polymeric membranes, with polar (negative or positive
polarities) and non-polar regions that could interact with taste polar compounds through electrostatic
or hydrophobic interactions [23,24,39]. The selected lipid-polymeric membranes allow the qualitative
recognition of basic taste attributes, including acid and sweet sensations [24,40], which are typical
sensory sensations of cherry, and quantitatively assess reducing sugar contents [41]. The membranes
were connected to a multiplexer Agilent Data Acquisition Switch Unit (model 34970A) controlled by an
Agilent BenchLink Data Logger (Figure 2b). Each potentiometric assay takes 5 min, allowing recording
of the pseudo-equilibrium potentiometric signals of all sensor membranes. The reference electrode
was an An Ag/AgCl double-junction glass electrode (Crison, 5241). The same sensor coding previously
adopted by the research team was used, and each sensor was identified with a letter S (for sensor)
followed by the number of the array (1: or 2:) and the number of the membrane (1 to 20, corresponding
to different combinations of plasticizers and additives).
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Figure 2. (a) E-tongue sensor arrays (cylindrical acrylic body with 20 circular lipid sensor membranes).
(b) Datalogger.
2.3.2. E-Tongue Analysis: Sweet Cherry Sample Preparation and Potentiometric Assays
Sweet cherry fruits were pre-processed, as previously described by Guilherme et al. [26], with some
modifications. For each replicate assay, 20 g of mashed sweet cherry (Moulinex knife chopper) was
mixed with 60 mL of deionized water and agitated during 1 min. The aqueous cherry paste was stored
overnight at approximately ~4 ◦C. The potentiometric assays were performed within a 24-h period at
ambient temperature (~20 ◦C) and after a smooth agitation (~1 min). For each replicate, two assays
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were carried out, and an extra assay was performed if the signal recorded by any of the sensors
showed a coefficient of variation greater than 20% [34]. For the chemometric analysis, data were
randomly split, allowing establishment of the training and internal-validation data subsets. For model
development, only one “mean” potentiometric signal profile per sample (i.e., per sweet cherry from
the independent quintuplicate assays) was used, avoiding data from replicate assays of the same sweet
cherry independent sample becoming included into both training and internal validation sets [42].
2.4. Statistical Analysis
One-way ANOVA was used to evaluate if the cultivar had a statistically significant effect on the
cherry biometric and physicochemical data. The post-hoc multi-comparison Tukey’s test was further
used to identify the cultivars with significant different values. Linear discriminant analysis (LDA) was
applied to evaluate the discriminant potential of the biometric or physicochemical data, individually
or merged (low-level data fusion), as well as the E-tongue potentiometric profiles. The simulated
annealing (SA) algorithm, a meta-heuristic variable selection technique, was implemented to identify
the variables with the most discriminant power, as well as minimize the risk of multicollinearity
and noise effects, due to the inclusion of redundant variables [43,44]. This algorithm searches the
optimal conditions based on the annealing physic process, being capable of selecting a subset of the
original independent variables to achieve a global optimum for a given approximation criterion [44].
The leave-one-out (LOO) and the repeated K-fold cross-validation (CV) variants were used to assess
the predictive performance of the LDA-SA model. For the repeated variant, data was randomly split
into K folds. K-1 folds was used for model training and the remaining fold was left out in turn for
internal validation. The predictive quality was evaluated using the average sensitivities (percentage of
correct/true classifications) of the K estimates [45]. Four folds were used, allowing a bias reduction,
since each internal validation subset (for each cultivar studied) had 25% of the initial data. The procedure
was repeated 10 times, putting the modelling process under stress. The supervised classification
performances were qualitatively assessed by plotting the principal discriminant components, as well
as the class membership ellipses established using the posterior probabilities, computed using the
Bayes’ theorem [46]. The sensitivity values (i.e., the percentage of correct classifications) were also
calculated. The statistical analysis was performed at a 5% significance level, using the Subselect [44]
and MASS [47] packages of the open source statistical program R (version 3.6.2).
3. Results and Discussion
3.1. Biometric and Physicochemical Characterization of Sweet Cherries and Cultivar Effect Evaluation
Biometric and physicochemical parameters of the four sweet cherry cultivars (Durona, Lapins,
Summit, and Van) were evaluated, as shown in Table 1. In general, cultivar significantly influenced
the 13 biometric-physicochemical characteristics studied (p-value < 0.0001), which is in-line with the
literature data. Summit cherries had more desirable biometric characteristics, including greater fruit
mass, length, maximum diameter, and pulp/stone mass ratio. On the contrary, Durona showed the
worst characteristics (in general, Summit > Lapins ≥ Van > Durona). Regarding the penetration force
and CIELAB color scale, Lapins and Summit cherries had the highest value, which were significantly
greater (p-value < 0.0001) than those of Van and Durona cherries. On the other hand, Van and Summit
cherries had the highest TSS values and were supposedly more sweet than Lapins and Durona cherries.
Finally, no significant differences were observed for the TA between the four studied cherry cultivars,
thus pointing out that all fruits had a similar acidity. The biometric-physicochemical value ranges
are in accordance with the wide range of literature data for dozens of sweet cherry cultivars from
different geographical origins (e.g., Croatia, Italy, Greece, Turkey, Portugal, Serbia, Spain, etc.) and are
grown under different agro-climatic conditions [4–7,11,15,48–58]. Furthermore, it should be noticed
that this agreement was also observed with the data reported in the literature for Lapins cherries [9,53],
Van cherries [11,49,51,56,57], and Summit cherries [49,51,52].
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Table 1. Fruit biometric and physicochemical parameters (mean value ± standard deviation) of the




Durona Lapins Summit Van p-Value 1
Biometric
Fruit mass (g) 6.25 ± 0.96 b 6.78 ± 1.38 a 7.15 ± 1.06 a 6.79 ± 1.08 a <0.0001
Length (mm) 19.1 ± 1.2 d 20.6 ± 1.7 b 21.4 ± 1.4 a 19.7 ± 1.6 c <0.0001
Maximum diameter (mm) 22.6 ± 1.6 d 23.2 ± 1.2 c 24.8 ± 1.4 a 24.2 ± 1.7 b <0.0001
Minimum diameter (mm) 20.4 ± 1.3 20.5 ± 1.5 20.7 ± 1.2 20.6 ± 1.4 0.2000
Stone mass (g) 0.36 ± 0.06 a,b 0.37 ± 0.06 a 0.35 ± 0.04 b 0.31 ± 0.04 c <0.0001
Pulp/stone ratio 16.8 ± 3.8 b 17.8 ± 4.2 b 19.7 ± 3.0 a 20.8 ± 3.4 a <0.0001
Physicochemical
Force (N) 2.58 ± 0.46 b 2.91 ± 0.60 a 2.50 ± 0.34 b 3.01 ± 0.51 a <0.0001
L* (CIELAB scale) 32.3 ± 3.1 c 35.6 ± 4.7 a,b 37.2 ± 4.1 a 35.0 ± 4.6 b <0.0001
a* (CIELAB scale) 27.8 ± 5.6 c 33.8 ± 6.8 a,b 34.7 ± 4.6 a 31.6 ± 6.2 b <0.0001
b* (CIELAB scale) 10.4 ± 3.6 c 14.8 ± 5.4 a,b 16.3 ± 4.0 a 13.5 ± 4.6 b <0.0001
Titratable acidity (TA, g gallic
acid/100 g fw) 0.17 ± 0.01 0.17 ± 0.04 0.21 ± 0.01 0.21 ± 0.04 0.0312
Total soluble solids (TSSs, ◦Brix) 14.1 ± 1.5 b 14.1 ± 2.3 b 12.6 ± 1.5 c 15.5 ± 3.0 a <0.0001
1 For each line, a p-value < 0.05 means that, for each cherry cultivar, the mean value of the evaluated parameter of at
least one of the four cultivars studied differs from the others, according to the one-way ANOVA results (in this case,
multiple-comparison tests were performed). Different letters mean significant statistical differences of the parameter
under evaluation at a 5% significance level (p-value < 0.05), according to a multiple comparison Tukey’s HSD test.
3.2. Discrimination of Cherry Cultivar Using Biometric or Physicochemical Data or a Low Level Data Fusion
The discrimination power of the biometric and physicochemical parameters was assessed using a
supervised multivariate pattern recognition method (LDA) coupled with a meta-heuristic variable
selection algorithm (SA). Different LDA approaches have been reported for sweet cherry cultivar
discrimination, based on physicochemical, spectroscopic, and/or chromatographic data, the success of
which depended on the type of data and the number of cultivars studied [6,9,11]. Thus, LDA-SA models
were developed using, initially, only biometric or physicochemical parameters. The study revealed that
using only one type of data did not allow a satisfactory discrimination of the cultivars. The LDA-SA
model, based on five biometric parameters, enabled correct classifying of 84% and 76% of the original
grouped data and LOO-CV. Similarly, a LDA-SA model, based on five physicochemical parameters,
showed sensitivities of 84% and 68% for the original grouped data and LOO-CV. Therefore, a low-level
data fusion abstraction level technique was implemented, allowing concatenating of the two data sets
without a prior preprocessing of either of them [59]. The strategy allowed developing of a LDA-SA
model with a slightly improved classification performance. The model comprised three discriminant
functions based on nine selected biometric-physicochemical parameters (L*, a*, TA, penetration force,
length, maximum and minimum diameter, stone weight, and pulp/stone mass ratio). Sensitivities of
100% (Figure 3), 72%, and 75 ± 15% were achieved for the original grouped data, LOO-CV, and repeated
K-fold-CV, respectively. These results showed that the biometric and physicochemical parameters
evaluated had a discrimination power (mainly for discriminating Lapins cherries form the others).
However, other parameters should be considered, namely chemical composition (e.g., mineral profile,
volatile profile, and/or phenolic compounds) and antioxidant activity, to improve the predictive
classification performance. However, this strategy would require a huge experimental and technical
effort, which may turn out into an expensive and time-consuming task.
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the capability of applying a lab-made potentiometric E-tongue to discriminate sweet cherries 
according to the cultivar was investigated. An E-tongue-LDA-SA model, with three discriminant 
functions (explaining 100% of the data variability), was developed based on signals of 11 non-
redundant sensors (1st array: S1:4, S1:5, S1:6, S1:7, S1:11, S1:13, and S1:17; 2nd array: S2:2, S2:15, S2:18, 
and S2:20). The supervised classification had sensitivities of 100%, 92%, and 88 ± 7% for the original 
grouped data (Figure 4), LOO-CV, and repeated K-fold-CV, respectively. In general, Summit and Van 
cherries were correctly classified. Misclassifications were mainly observed for Durona or Lapins 
cherries. The results also showed the superiority predictive cultivar classification performance of the 
E-tongue compared with the biometric-physicochemical data fusion strategy. On the other hand, this 
simpler, fast, and single-run technique had predictive correct classification rates, similar to those 
Figure 3. Discrimination of sweet cherries according to four cultivars ( Durona; N Lapins; ◦ Summit;
or,  Van) using a LDA-SA model based on nine selected biometric-physicochemical characteristics
(L* and a* CIELAB color scales, titratable acidity, penetration force, length, maximum a d mini um
diameter, stone weight, and pulp/stone mass ratio): (a) 2D-plot of the fir t and second discriminant
functions; (b) 2D-plot f the first and third iscriminant functions. The full ellipses represent the
confidence region boundaries determined based on the posteri r probabilities calculated for each
class membership.
3.3. Discrimination of Cherry Cultivar Using E-Tongue Potentiometric Profiles
The E-tongue sensors recorded 40 potentiometric signals during the analysis of the aqueous
cherry pastes, which varied between 106.5 and 354.8 mV (coefficients of variation from 0.2 to 7.2%)
for the several independent cherry samples evaluated per cultivar studied. The average potentials
recorded for the four cultivars (Durona, Lapins, Summit, and Van) were of the same magnitude.
resulting in similar potentiometric signal profiles. Nevertheless, the slight differences observed were
further explored to test the discrimination power of the E-tongue. These electrochemical devices
have been widely used as taste-sensors. For example, potentiometric multisensor devices with
lipid membranes (non-specific and cross-sensitivity sensors) were used by the research team for
assessing sensory sensations or sensory-related chemical compounds in soft beverages and mineral
waters [60,61], table olives and sweet peppers [23–26], and olive oil [31–35]. In this work, for the first
time, the capability of applying a lab-made potentiometric E-tongue to discriminate sweet cherries
according to the cultivar was investigated. An E-tongue-LDA-SA model, with three discriminant
functions (explaining 100% of the data variability), was developed based on signals of 11 non-redundant
sensors (1st array: S1:4, S1:5, S1:6, S1:7, S1:11, S1:13, and S1:17; 2nd array: S2:2, S2:15, S2:18, and S2:20).
The supervised classification had sensitivities of 100%, 92%, and 88 ± 7% for the original grouped
data (Figure 4), LOO-CV, and repeated K-fold-CV, respectively. In general, Summit and Van cherries
were correctly classified. Misclassifications were mainly observed for Durona or Lapins cherries.
The results also showed the superiority predictive cultivar classification performance of the E-tongue
compared with the biometric-physicochemical data fusion strategy. On the other hand, this simpler,
fast, and single-run technique had predictive correct classification rates, similar to those reported
in the literature (sensitivities varying from 86.6 to 97.4%) when more extensive physicochemical,
spectroscopic, and chromatographic analysis was performed [6,9,11].
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or  Van) using a LDA-SA model based on 11 E-tongue potentiometric profiles (1st sensor array: S1:4,
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calculated for each class membership.
4. Conclusions
This study confirmed that biometric (fruit and stone weight, the pulp/stone mass ratio,
length, and maximum and minimum diameter) and typical physicochemical characteristic (penetration
force, CIELAB scale color, total soluble solids, and titratable ac dity) of cherries re greatly influ nced
by th cultivar. However, the re ults pointed out that he studied biomet ic and physicochemical
parameters had a l discriminant power and that the low-level data fusion abstracti n level
strategy used did not allowed satisfactory cl ssification p rformance. Indeed, based on the
literature, a more detailed chemical characterization is needed. O th other hand, the potentiometric
data recorded by the lab-made electronic tongue allowed a satisfactory discrimination of the four
cherry cultivars, which could be tentatively attributed to the device capacity to act as a taste
sensor. Thus, it was demonstrated that the electroni tongue could be used as a practical ool
for a preliminary routine identificati of the cherry cultiv r, voiding the use f mo expensive and
complex analytical techniques.
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